Nowadays routing systems can provide optimal routes in terms of time and travel distance. However, they do not consider special needs of certain group of users. For example, people recovering from alcohol and drug addiction may want to travel a route that is alcohol and drug-free. In this demonstration, we propose a system we built that helps with this special need. We detect if a street is related to alcohol and drug by exploiting Web open data, including Foursquare, microblog tweets, Google Street View images, and crime data. We calculate an alcohol and drug relevance score using unsupervised methods, to be used in route ranking. Our system prototype is ready to be tested for the cities of San Francisco and Kyoto.
INTRODUCTION
Nowadays more and more people rely on routing systems to plan their travels. Common routing systems such as Google Maps 1 focus on efficiency-based routing, and recommend routes that are optimized for time and distance. However, in many practical situations, time and distance may not be the only requirement of a travel plan. In this demonstration, we deal with one particular routing scenario, which is recommending alcohol and drug-free routes for people who are recovering from addiction and are in rehabilitation. Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org. CIKM '19, November 3-7, 2019, Beijing, China © 2019 Association for Computing Machinery. ACM ISBN 978-1-4503-6976-3/19/11. . . $15.00 https://doi.org /10.1145/3357384.3357843 In recent years, there is a emerging trend of exploiting Web open data for building customized routing systems. By extracting geographical information from data sources such as Google Street View (GSV) images 2 , Foursquare 3 , and microblog conversations, particular street attributes may surface. These attributes may include scenic values, pleasantness, safety, walkability, etc. For example, Quercia et al. [4] recommend beautiful, quiet, and happy routes in the city using crowd-sourcing platform to evaluate street photos. Runge et al. propose a system for generating scenic routes using Google Street View images to classify route segments based on their visual characteristics enhancing the driving experience [5] . They calculate a diversity score based on the color histogram and entropy. Kim et al. demonstrate a safety-based routing system that exploits crime data and tweet sentiments [3] . In our previous works, we have also contributed to studies on different scenarios of customized routing. Exploiting Google Street View images, we proposed a diversity-based routing system [10] , as well as a routing system based on color and object rates [9] .
However, there are few systems which have been designed specifically for use in supportive health care. While prior studies have proposed routing systems in the domain of physical health (such as for users with physical disabilities [2] or those which recommend walking routes for users seeking to obtain a healthier weight [7] , there are few routing systems which have been specifically designed for use the domain of mental health care. In Substance abuse treatment for example, it is often important for recovering patients in abstinence to avoid exposure to triggers and stimuli related to their addiction (i.e. bars, clubs for alcohol addiction) as they could stimulate craving and contribute to relapse [8] . In daily life, this could be difficult as such places are frequently located along the paths which we travel and it is difficult to manually select a route which avoids both explicit (i.e. bars, Off-licence stores) and obscure locations (i.e. spots frequented by party drinkers etc.) associated with alcohol and drugs. Furthermore, recommending alcohol and drug free routes might be also useful for parents who wish to make sure about safety of routes their children are going to take.
As such, we design and build a routing system to support people who are recovering from alcohol and drug addictions. The foundation of this routing system is presented in our previous works [9] . Our new extension to the system detects street association with alcohol and drugs and thus selects those streets that are relatively alcohol and drug-free. To detect the degree of street associations with alcohol and drugs, our system exploits multiple data sources, including Foursquare venues, tweets, GSV images, and crime data. To summarize, our contributions with this paper include:
• We build a system that recommends alcohol and drug-free routes to support addiction rehabilitation. To the best of our knowledge, our system is the first routing system that serves this purpose.
Our system prototype can be tested for cities of San Francisco and Kyoto. • We establish the degree of street association with alcohol and drugs by extracting relevant geographical information from multiple Web open data sources. We show that alcohol and drugfree streets can be effectively selected using the approach we established.
DETECTING ALCOHOL AND DRUG-FREE ROUTES
We propose a novel pedestrian routing system called Rehab-Path that avoids alcohol and drug-related streets. This is achieved by exploiting a range of geographical Web data, including Foursquare venue data, tweets, Google Street View (GSV) images, and crime data. We calculate a score indicating the degree a street segment is related to alcohol and drug. The score consists of two parts, the first part is based on Foursquare venues and tweets, and the second parts is based on GSV images and crime data. In this section, we describe our method to detect alcohol and drug-related streets using these data.
Assigning Data to Street Segments
Our routing system is based on street segments, which we sometimes refer to simply as streets. We first identify street segments using OpenStreetMap (OSM) data [1] . A street segment is defined in OSM as a series of points. We define the distance between a geographical point and a street segment as the shortest distance between the point and the street segment, calculated using geographic software QGIS 4 . We then assign Web open data to street segments. Foursquare data are collected using Venue Search API 5 , and tweets are collected by monitoring live stream using Twitter Filter API 6 . We assign tweets and venues to street segments that are within 20 meters from them. GSV images are collected through Google Street View Image API 7 , and are assigned to street segments that are within 10 meters from them.
Detecting Alcohol and Drug-related Streets using Foursquare Venues and Tweets
We first consider using Foursquare venues to detect if a street is related to alcohol or drugs. We determine if a venue is related to alcohol or drugs as the following. 
where C F S is the total number of venues in the street, and C F S _bad is the number of alcohol and drug-related venues. Geo-tagged tweets are also analyzed to help determine whether a particular street might contain the presence of alcohol or drugs. This is done by analyzing the tweets posted on each street segment and calculating the ratio of the words in these tweets which are related to drugs or alcohol. A lexicon of drug and alcohol related words is constructed for this purpose. To create this lexicon, a list of common drug and alcohol types is initially compiled from sources such as those published by the US Drug Enforcement Agency 8 and from Wikipedia. This initial list contains a total of 106 alcohol and 30 common drug types (such as Gin, Rum, Wine, MDMA, Cocaine and Heroin). Next, for each of these common drug and alcohol types, we generate a list of related words based on the notion of distributed semantic based similarity. This is done by using the pretrained word2vec model (trained based on the Google news corpus, consisting of approximately 3 billion words) 9 to vectorize the drug and alcohol types into a 300 dimension vector and finding the top N words in the corpus which had the highest cosine distance (as candidate words). For example, words with high similarity to beer include lager, drinks, brews, ale, keg etc. As distributed similarity can only identify words which share a common context in the corpus, the ontology context of the words might be ignored (for example, words such as cheese, grapes would show high similarity to wine but are not strictly alcohol-related themselves). Therefore, we further filter out the words with low semantic similarity (which is calculated using the Wpath method with the WordNet Knowledge graph [11] ). Candidate words with a similarity score lower than M are filtered out. A number of word lists are generated based on different combinations of the N (25,100,1000) and M (0, 0.125,0.25,0.5) parameters. After the inspection by two researchers, the word list generated using N = 1, 000 and M = 0.5 showed the best results and is used as the word lexicon in the study (containing a total of approximately 1,060 words). Then we use the lexicon to calculated a score for each street as following:
where C M B is the total number of words of tweets assigned to the street, and C M B_bad is the number of alcohol and drug-related words.
Detecting Alcohol and Drug-related Streets using GSV Images
We consider that there are some streets which are related to alcohol and drug crimes, for example, to public drunkenness and illegal selling of narcotics, and thus for people who are in rehabilitation, they need to be avoided. These crimes may not be reflected in Foursquare data and tweets. We consider, on the other hand, that the view of streets may contain clues indicative of the presence of these crimes. For example, a dark, small backstreet may offer more opportunities to illegally sell drugs. To incorporate such information in our system, we run image analysis in two steps. First we vectorize images to obtain the local features present in images, such as buildings, windows, roads, greenery, body of water, etc. Then we train a classifier with crime data to establish the connection between images features and the presence of alcohol and drug related crimes.
To convert image into vectors, our system uses a deep neural network created by Szegedy et al., called Inception, which has the state-of-the-art accuracy in object classification [6] . We use the publicly available implementation, which is a Python program taking images as inputs 10 . We add short code to the program for extracting the output of the third pooling layer, which is a vector of 2,048 length representing the local features of the input image. We also select a representative image among possibly many images in a street segment, by selecting the image that has the highest average cosine similarity to all other images.
We next obtain crime data for San Francisco from DataSF 11 . The dataset includes information about 2,086,841 incidents of criminal activity (from 39 different crime types) from the period between Jan 1, 2003 and Jun 25, 2017. We select three crime types related to alcohol and drug, namely, Drunkenness, Liquor Laws, and Drug/Narcotic. After assigning crimes to street segments like assigning other data, we train a logistic regression model that maps the image representing the street to crime number in the street. We setup a binary response variable, with negative value indicating there is no alcohol and drug crime in the street, and positive otherwise. We have 19,311 street segments as data points, including 7,693 negatives and 11,618 positives. Fitting the model gives an accuracy of 0.728. The weights in the trained model are then taken and installed in our routing system. More specifically, given the weights w = {w 0 , w 1 , ..., w 2048 }, the probability that a GSV image, vectorized as x = {x 1 , ..., x 2048 }, is related to alcohol or drug crime is calculated as p(x) = 1 1+e z where z = w 0 + i x i w i . Then we calculate the relevance of a street to alcohol or drug crimes as the average score for all images in the street, i.e.,
where n is the number of images in the street.
Time of Day
Since the relevance of a street to alcohol and drug may change depending on the time of the day, we also consider temporal factors. For example, drinking parties are mostly held in the evening, and in the morning the street can be relatively safe. Thus we provide options to select time of day segments, including morning, afternoon, and evening. We also allow specification of weekdays and weekends. After the user selects a time segment, in tweet analysis, only tweets in that time segments are used. Foursquare venues and GSV images are not considered because of the lack of ready temporal information. 10 https://www.tensorflow.org/tutorials/image_recognition 11 https://datasf.org/opendata/
Routing With Relevance Scores
After we obtained three scores S F S , S M B , and S C R for a street segment e from formula (1), (2) , and (3), we combine the scores using a control parameter α:
We then calculate the score for a route, which is a sequence of street segments, considering both the relevance to alcohol and drugs, and the length of the route, balanced by a parameter β. The score for a route r is calculated as
where L is the number of street segments in the route, Dist max (R AB ) is the maximum length of a list of candidate routes between geographic points A and B, and Dist(r ) is the length of r . We use Dijkstra's algorithm to obtain the list of shortest routes, and then re-rank the routes using the score obtained for the route.
SYSTEM PROTOTYPE
A prototype Rehab-Path navigation system has been developed and deployed as a web application. The web application prototype can be opened in a standard web browser without any additional software or hardware. Mozilla Firefox, Google Chrome, and Safari web browsers have been tested. When using the system, users would be able to select two points within the cities of Kyoto and San Francisco, change the parameter α and β, select time of the day, and weekday/weekend, and would receive route recommendations shown in a map.
The User Interface
As shown in Figure 1 , the user interface includes a number of components. 1) The map interface showing the starting point and ending point and a selected route. The pins can be dragged and dropped for selecting starting and ending point. The route is displayed with a color code, with black indicating safe street segments, and red indicating unsafe street segments. Venues related to alcohol and drug use are shown as yellow dots, and can be checked for details by clicking on them. When mouse-over a street segment, the related venues, words, and crime-image score will be shown in a pop-up window.
2) The user can also specify numeric coordinate values in the text box.
3) The button to execute the routing function. 4) The user can specify parameter k, which is the number of candidate routes. Increasing this number may improve routing quality, but also takes more time to compute. 5) Parameter α, β, time of day, and day of week described in Section 2 can be specified in the panel. 6) After executing the routing function, statistics about candidate routes can be viewed, including the routing scores and route lengths. During the demonstration we will first explain the concept of the system, and its GUI to the audience, and we will later show the example routes as well as let users freely input their requested start and end points for simulating walking.
A Routing Example
We now show an example of routing using our system. We simulate scenario where a person in rehabilitation is going from a house in Tehama Street to the Union Square, San Francisco. We set the starting point and ending points, and select k = 3. As shown in Figure 2 , the system comes up with three candidate routes, and ranks them using the score indicating the quality of the route. We see that the best route recommended by our system contains no alcohol and drug-related venues, and minimum presence of alcohol and drug-related words in tweets posted in the route. 
CONCLUSION
In this demonstration, we show a system that recommends alcohol and drug-free routes. Our system can be helpful for people recovering from alcohol and drug addiction. It considers both distance and the relevance of street to alcohol and drug, which is calculated based on geographical Web open data. In particular, our approach uses GSV images, tweets and Foursquare venues to achieve the optimum results. To the best of our knowledge, this is the first system that aims at this special purpose. However, we want to emphasize that our method for building the system has generality and can be also applied to other kind of routing needs. Hence the current work can serve as inspiration to building systems of similar kind for other needs and particular user segments.
In the future, we plan to extend the system to provide friendly routes for children and mothers with babies. Another future direction we want to pursue is to consider real-time routing with online data processing.
